
    ConvCodeWorld: 
Benchmarking Conversational Code Generation in 
Reproducible Feedback Environments

Hojae Han1, Seung-won Hwang1†, Rajhans Samdani2, Yuxiong He2

1Seoul National University, 2Snowflake AI Research
†Corresponding Author



Motivation: Evaluate Code LLMs on Interactable 
Environments

Most code generation benchmarks 
do not support interactable environments.



Our goal is to build a benchmark that can 
evaluate LLMs’ code generation capabilities

while interacting with various feedback 
combination.

Motivation: Evaluate Code LLMs on Interactable 
Environments
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For reproducibility and consistency, we used an LLM (GPT-4o) to generate Verbal Feedback



Novice-Level Verbal Feedback
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Use GPT-4o to verbalize Compilation and/or Execution Feedback (+ suggestions which might be unreliable)



Expert-Level Verbal Feedback

Input: Problem Description (+ Compilation and/or Execution Feedback) + Ground Truth Code + Previous Code

Ground Truth Code provides the expert knowledge



Expert-Level Verbal Feedback
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Setup

Base Benchmark: BigCodeBench-Full-Instruct
- highly challenging problem sets (Prev. SOTA: 51.1 of Pass@1)
- large scale (1,140 problems)

Maximum Number of Iterations: 10

Evaluation Metrics
- Mean Reciprocal Rank (MRR): 1/k where k is the turn at which the model produces correct code

→ Measures how fast correct code is returned. 
- Recall: 1 if the model produces correct code within n turns.

→ Measures whether correct code is eventually returned.



Experimental Results



Experimental Results

Trend difference between MRR and Recall
- MRR of Closed-Source and Open-Source (>= 30B): Clear winner exists
- Recall: No clear winners



Experimental Results

With Expert-level Feedback, even DeepSeek-Coder-6.7B-Instruct is comparable to GPT-4o-2024-05-13



Experimental Results

Weaker LLMs, with sufficient feedback, can outperform single-turn results of state-of-the-art LLMs without feedback.



Experimental Results

LLM performance varies significantly based on the feedback provided.



Experimental Results

Adding novice-level feedback (      ) is more effective to open-sourced models.
Improving test coverage for execution feedback (      ) is more effective to closed-source models.



Experimental Results

ReflectionCoder-DS: DeepSeek-Coder + SFT on 
Training on a specific feedback combination can limit an LLM’s ability to utilize unseen combinations.
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ConvCodeBench

Pre-generated conversations by a fixed reference model
- Elimination of Dependency on External LLMs or APIs for Verbal Feedback Generation
- Parallel Processing of Inference Calls
- Enhanced Reproducibility

Question: Can we ensure high correlation between ConvCodeWorld and ConvCodeBench? 
→ by selecting an appropriate reference model

Our hypothesis: Use the weakest model



ConvCodeBench



ConvCodeBench (ref. GPT-4-0613)



Summary

- ConvCodeWorld: a novel and reproducible environment for benchmarking interactive code generation
- 9 distinct interactive code generation scenarios combining three types of feedback:

- ConvCodeBench: a static version of benchmark that uses pre-generated feedback logs
- eliminates the need for costly dynamic verbal feedback generation while maintaining strong Spearman’s 

rank correlations (0.82 to 0.99) with ConvCodeWorld



Any Questions?
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